It is crucial to understand what brain signals can be decoded from single trials with different recording techniques for the development of Brain-Machine Interfaces. A specific challenge for non-invasive recording methods are activations confined to small spatial areas on the cortex such as the finger representation of one hand. Here we study the information content of single trial brain activity in non-invasive MEG and EEG recordings elicited by finger movements of one hand. We investigate the feasibility of decoding which of four fingers of one hand performed a slight button press. With MEG we demonstrate reliable discrimination of single button presses performed with the thumb, the index, the middle or the little finger (average over all subjects and fingers 57%, best subject 70%, empirical guessing level: 25.1%). EEG decoding performance was less robust (average over all subjects and fingers 43%, best subject 54%, empirical guessing level 25.1%). Spatiotemporal patterns of amplitude variations in the time series provided best information for discriminating finger movements. Non-phase-locked changes of mu and beta oscillations were less predictive. Movement related high gamma oscillations were observed in average induced oscillation amplitudes in the MEG but did not provide sufficient information about the finger's identity in single trials. Importantly, pre-movement neuronal activity provided information about the preparation of the movement of a specific finger. Our study demonstrates the potential of non-invasive MEG to provide informative features for individual finger control in a Brain-Machine Interface neuroprosthesis.
Introduction
One of the major efforts of current Brain-Machine Interface (BMI) research is the reliable control of an upper limb prosthesis. It remains an open question at what level of detail non-invasive recording techniques can provide information for movement decoding. For coarser movements, recent studies succeeded in decoding the kinematics and the position of hand trajectories and arm movements from single-unit recordings in monkeys (Carmena et al., 2003; Taylor et al., 2002) and in humans (Hochberg et al., 2006) . Similarly, invasive subdural electrocorticography (ECoG, Leuthardt et al., 2004) noninvasive electroencephalography (EEG) and non-invasive magnetoencephalography (MEG) recordings (Georgopoulos et al., 2005; Jerbi et al., 2007; Waldert et al., 2008) allowed for decoding of arm movement directions. On a finer level of detail, ECoG recordings in humans (Acharya et al., 2010; Kubánek et al., 2009; Miller et al., 2009 ) and single unit recordings in monkeys (Aggarwal et al., 2009; Hamed et al., 2007) show the potential to detect movements of individual fingers.
It is unclear, however, whether it is possible to decode single finger movements of the same hand in single trials with non-invasive MEG or EEG. The limited spatiotemporal resolution and the low signal to noise ratio (SNR) of non-invasive recordings might not be sufficient to detect the weak signals generated by finger movements of one hand. The muscle mass involved in finger movements is smaller than in limb or hand movements and neuronal discharges of motor cortex neurons are correspondingly smaller in finger movements than in arm or wrist movements (Pfurtscheller et al., 2003) , which makes them difficult to detect. Importantly, in a MEG study Kauhanen et al. (2006) were able to discriminate left from right hand index finger movements showing that single trial brain activity accompanying finger movements is indeed detectable. Another potential challenge is the spatially overlapping finger representation in somatosensory cortex. Penfield and Boldrey found that the distance along the Rolandic fissure that evoked finger movements after cortical stimulation was 55 mm (Penfield and Boldrey, 1937) . The Contents lists available at SciVerse ScienceDirect NeuroImage j o u r n a l h o m e p a g e : w w w . e l s e v i e r . c o m / l o c a t e / y n i m g maximum spatial resolution of MEG for sources is thought to be around 2-3 mm but only under optimal circumstances and extensive averaging (Hämäläinen et al., 1993) , hence leaving open if the spatial resolution is sufficient for single trial decoding. In addition, Schieber (2001) , reviewing somatotopic hand organization, reported substantial overlap of the territories in M1 controlling individual fingers and noted that the encoding of muscle activations and joint positions in the brain does not follow a strict somatotopic organization which presents another obstacle for decoding.
A further question pertains to the observed event-related and oscillatory brain dynamics captured with non-invasive EEG and MEG. Crone et al. (1998a Crone et al. ( , 1998b reported a decrease of oscillatory beta power (15 Hz-25 Hz) using ECoG over motor cortices during limb movements and a power increase in oscillatory high gamma (greater than 60 Hz). A similar pre-movement signal decrease (event related desynchronisation, ERDS) of oscillatory mu (7 Hz-12 Hz) and beta (20 Hz-24 Hz) bands has been described in EEG (Pfurtscheller and Lopes da Silva, 1999) . Such signals proved to be reliable enough to control a non-invasive, EEG-based, human BMI based on imagined tongue and foot movements eliciting ERDS at relatively distant spatial sites along the Rolandic fissure (Pfurtscheller et al., 2006) . Similarly, the low-pass filtered time series has been shown to provide useful information for movement decoding in invasive (Acharya et al., 2010; Kubánek et al., 2009 ) and non-invasive (Waldert et al., 2008) recordings. Although, high frequency oscillations can be recorded noninvasively under some circumstances (Cheyne et al., 2008) , it is currently unclear whether their signal to noise ratio is sufficient to discriminate movements in single trials.
Finally, the recording technique may also have an influence on the signals that can be obtained in non-invasive recordings from the skull. Most studies on motor decoding employ EEG for practical reasons. Although MEG can provide an advantage over EEG in spatial resolution (Hari et al., 1988) , it has rarely been used for single trial decoding Waldert et al., 2008) . Here, we simultaneously recorded EEG and MEG to decode changes of neuronal activity evoked by minimal finger movements. Our goal was to directly compare the feasibility to decode single finger movements of the same hand with the two methods.
To our knowledge no classification of finger movements on the same hand has been shown with non-invasive recording techniques yet. In this study we aim to discriminate individual finger taps on a single trial basis with two non-invasive recording techniques (EEG and MEG). Importantly, whereas previous invasive studies focused on the repetitive movement of fingers (Kubánek et al., 2009; Miller et al., 2009) we concentrate on the decoding of single, minimal finger taps. Our subjects performed slight finger movements by pressing buttons on a button box with four fingers of the same hand. Beyond decoding our goal was to understand the dynamic and spatial features as well as the timing of brain networks controlling dexterous finger movements.
Material and methods
Recording systems and subjects MEG and EEG were recorded simultaneously in an electromagnetically shielded room. The data was sampled at 1017.25 Hz, using a whole-head BTi Magnes system with 248-sensors (4D-Neuroimaging, San Diego, CA, USA) and a 32-channel EEG system. EEG electrodes were positioned according to the 10-20 System of the American Electroencephalographic Society (EEG system by SENSORIUM INC.) (Fp1, Fpz, Fp2, F7, F3, Fz , F4, F8, FC1, FC2, T7, C3, Cz, C4, T8, CP1, CP2, P7, P3,  Pz, P4, P8, PO9, PO7, PO3, PO4, PO8, PO10 , Oz, O9, Iz, O10). Eye movement artifacts were detected by measuring the vEOG and hEOG. The impedance of the EEG electrodes was kept below 5 kΩ. A total of thirteen right-handed subjects participated in the experiment (9 females and 4 males, mean age: 23.6 years, range: 21-27 years), all of whom gave written informed consent. The study was approved by the ethics committee of the Medical Faculty of the Otto-vonGuericke University of Magdeburg.
Task
The subject was presented with a number on a screen (visual cue) that indicated which finger to move (1: thumb, 2: index, 3: middle, and 5: little finger). The visual cue was presented every 2 s and the participants were instructed to press and immediately release a button with the finger indicated by the visual cue using their dominant hand (Fig. 1) . Trials with reaction times shorter than 200 ms were excluded from the later analysis. Moving the ring finger individually appeared to be difficult and was therefore excluded from the experiment. Subjects were seated comfortably in an upright position, the right elbow was rested on a pillow and the hand was held in a prone-position.
Data analysis Preprocessing
Both datasets (MEG and EEG) were segmented in intervals of +/−1400 ms around the button press for further analysis (Fig. 1) . This was necessary to fit the data into computer memory. The cut out segments were somewhat longer than the actually analyzed interval to avoid boundary effects in the following filtering and frequency analysis steps. Power line noise was removed with a 50 Hz notchfilter. The EEG data was band-pass-filtered from 0.15 Hz-50 Hz and down-sampled to 256 Hz. Higher frequencies were excluded from the EEG because due to their small amplitudes it is unlikely that they provide sufficient information in single trials. In EEG the channelaveraged activity was subtracted from each channel at every point in time to obtain common average referenced signals. The MEG data was band-pass-filtered from 0.15 Hz to 128 Hz and down-sampled to 256 Hz. Trials with EOG contributions or artifactual amplitude steps were dismissed from the analysis (on average 24% dismissed trials). These data were used for the following frequency analysis.
Additional preprocessing was done for time series classification. First, a baseline (−1000 ms to −800 ms with respect to the button press) was subtracted from each trial. The baseline interval was chosen to minimize the influence from the cortical response evoked by the visual cue and to prevent leaking of the motor evoked response from the previous button press into the current baseline. The success is demonstrated by the flat baselines in Fig. 5a (gray rectangle). Second, the raw time series was digitally low-pass filtered at 16 Hz and down-sampled to 32 Hz by picking every 8th sample. Third, we initially restricted the interval length to 500 ms from − 50 ms to 450 ms around the button press. The Fieldtrip toolbox (Donders Institute for Brain, Cognition and Behaviour, http://www.ru.nl/neuroimaging/fieldtrip, (Oostenveld et al., 2011) ) and custom software were used for preprocessing.
Frequency analysis
Spectrograms were calculated from 1 Hz to 120 Hz (in steps of 2.5 Hz) for each trial of the MEG. The time resolved spectral analysis was computed with a short-time FFT-multitaper approach, using 5 slepian tapers (Mitra and Pesaran, 1999) . The center of the moving window was shifted in steps of 30 ms, with a window width of 500 ms.
Classification
For classification we tested different feature spaces: The time series of both MEG and EEG and oscillation amplitude modulation of MEG: To prevent classifier bias among fingers we balanced numbers of trials among fingers by randomly eliminating trials from the larger sets. (on average 136 trials per finger, minimum: 97, maximum: 184). To avoid artificial increase of correlation between training and test sets, all trials were preprocessed independently and all classification steps were performed in a five-fold cross-validation loop in which the classifier was trained on 80% of the trials and generalization of the trained classifier was tested on 20% of the trials. The decoding accuracy (DA) was calculated as the average percentage of correctly classified trials in all five folds. All sampling points of the low-pass filtered time series were included as features for classification, without any further feature selection. Consequently, each of the 500 ms intervals used for single trial classification consists of 3968 features (248 sensors by 16 samples) in the MEG data and 464 features (29 sensors by 16 samples) in the EEG data. We chose a linear support vector machine (SVM) for classification of single finger movements because this technique has been shown to provide robust results even when the number of features exceeds the number of examples (Guyon et al., 2002; Rieger et al., 2008) . The support vector machine estimates the linear discriminate function: f(x) = wx + b, with w being the weight vector and b being the bias.
We trained SVMs in a winner-takes-all one-vs-all multi-class classification scheme using LIBSVM (http://www.csie.ntu.edu.tw/~cjlin/ libsvm/) through the spider toolbox (http://people.kyb.tuebingen. mpg.de/spider/main.html). Four binary SVMs were trained (thumb vs. index, middle, and little finger; index vs. thumb, middle, and little finger; middle vs. thumb, index, and little finger; little vs. thumb, index, and middle finger). For classification we calculate the distance d of the trial to the separating hyperplane in each of the four binary classifiers. Then the trial is assigned to the class with the highest value of d. The probability for correct guessing in this classification scheme is 1/n, for n equally probable class assignments. With n = 4 for four fingers, the guessing level is 25%.
Evaluation of classifier generalization
To test whether the DAs are significantly better than random, we compared them to an empirically estimated guessing level. The guessing level was determined in a permutation test in which each subject's class-labels were randomly shuffled among trials. Classification was repeated 500 times with different randomizations (for a detailed description see ). The mean prediction accuracy over all repetitions and subjects equaled the empirical guessing level. The permutation tests provided 95% confidence intervals and DAs above the upper confidence interval were assumed to be significant. In addition to the EEG and MEG time series, we classified the EOG time series using the same approach to ensure that classification performance is not based on eye movement artifacts.
Results
The mean reaction time (visual cue to button press) was 470 ms (standard deviation 50 ms). The highest power modulations are observed in the interval around the button press and in sensors above sensorimotor areas on the contralateral cortex. However, averaged over subjects, activation patterns of the individual fingers appeared relatively similar (Fig. 2) . Each trial started with a numerical visual cue and instructed the subject to press a button with the corresponding finger (1: thumb, 2: index, 3: middle, 5: little, ring finger was not used). The inter-trial interval was 2 s with a temporal jitter of 0.3 s. 
Classification results of the time series
For time series classification we first chose the 500 ms time interval from −50 ms to 450 ms around the button press containing the maximum activation. The overall decoding accuracy obtained by the five-fold cross-validation of the multi-class SVM averaged over all subjects and fingers was 57% correct in the MEG recordings and 43% correct in the EEG recordings. Although we tested higher cut-off frequencies than 16 Hz we found no changes of discrimination rate. The theoretical guessing level is 25% in a four-class classification task. The empirically estimated guessing level, averaged over subjects, was 25.1% in MEG and EEG recordings, respectively, with an upper 95% confidence interval of 28.5% (MEG) and 28.9% (EEG). The results for the different fingers are shown in Fig. 3a for each subject. On average, button presses using the thumb allowed for highest DA, whereas index and middle finger were hardest to discriminate (Table 1) .
MEG and EEG results confirm that the classification performance is better than random. However, the discrimination rate of the EEG is less robust and some subjects perform only slightly better than the upper confidence interval for guessing (Fig. 3a) . A comparison of the classification accuracy between the two recording techniques revealed that the DA is higher in nearly every case in the MEG data ( Fig. 3b ) and that this difference is statistically significant (t(12) = 5.0, p b 0.005). Because we found MEG superior to EEG for decoding single finger movements we focused the further analysis on the MEG recordings.
As a control we also performed classification on the EOG time series. The DA obtained with the EOG was within the 95% confidence interval for guessing (average DA over all subjects: 27%, empirical guessing level: 25%, 95-confidence interval: 28.5%), indicating that eye movements do not contribute to the classification results.
Time course of decoding information in time series data
We further probed the temporal development of discriminative information around the finger movement by shifting classification intervals in steps of 30 ms. Fig. 4 shows the subject and finger averaged DA for windows with a length of 500 ms (16 sampling points per sensor in window, Fig. 4a ), 250 ms (9 sampling points, Fig. 4b ), and 100 ms (4 sampling points, Fig. 4c ). The maximum DA was obtained with a 500 ms wide window starting 50 ms before the button press, the same window we used in the first analysis. Importantly, even shorter time intervals allow for accurate decoding and maximum DA drops only slightly with shorter intervals. To analyze whether pre-movement neuronal activity is discriminative for a specific finger, we tested when the decoding accuracy is above chance. We consider classification performance significant if the lower 95% confidence interval for the average DA exceeds the upper 95% confidence interval for the guessing level. With this criterion we found significant classification performance starting at −620 ms with 500 ms long intervals. With 250 ms long intervals significant classification started at −400 ms, and with 100 ms long intervals significant classification started at − 240 ms. This indicates that neuronal activity before the button press contains decoding information that allows for significant discrimination of different finger movements.
Information used for classification of the time series
We investigated the spatial distribution of the brain activity relevant for finger movement decoding by determining DA for every MEG sensor separately (500 ms interval, 16 time samples per sensor). The MEG time series for the best sensors for each finger are shown in Fig. 5a for one subject. The spatial distributions of informative electrodes are shown in Fig. 5b for the same subject. Fig. 5c shows the (a) (b) Fig. 3 . Classification performance. (a) Decoding accuracies of the one-vs-all support vector machine obtained with MEG (top) and EEG (bottom) data. Each bar represents the decoding accuracy of one combination of subject and finger (thumb, index, middle, and little finger). The horizontal solid line depicts the empirically estimated guessing level and the dashed line the upper 95% confidence interval for guessing. From MEG data every finger can be decoded reliably in every subject (average 57% correct, range 40% to 70%). However, with EEG data average decoding accuracy is lower and for some subjects some fingers do not exceed the confidence interval for guessing (average 43% correct, range 32% to 54%). (b) For comparison MEG (abscissa) and EEG (ordinate) decoding accuracies are plotted against each other. Each data point represents the DA for one combination of finger and subject. The diagonal line represents the line of equal accuracy. Nearly all points fall below that line, clearly indicating that MEG allows for more reliable single trial finger decoding. average spatial distribution of DAs over all subjects and fingers. Even with single MEG-sensors DAs are still above guessing level and classification performance often exceeds 60% correct. On average, the 30 highest-ranked sensors are all located over motor-related areas contralateral to the hand used to perform the button presses (Fig. 5c ).
When we retrained the SVM using only the best 30 sensors we found that DAs are just as good as when using all sensors (average over subject: thumb: 67%, index: 47%, middle: 47%, little: 57%). These results indicate that the better DA obtained with MEG than with EEG is not simply due to the larger number of sensors because a) even single MEG sensors can outperform the average performance obtained with all EEG channels and b) the DA obtained with MEG exceeds that of EEG even when the same number of sensors are used in both modalities. Moreover, the stability of the results over feature spaces (all sensors and 30 best sensors) indicates that SVM training provided robust generalization even when the number of input features was much higher than the number of trials. Importantly, the finding that the empirical guessing level and EOG classification were close to the theoretical guessing level indicates that neither eye movements nor other unforeseen factors biased DA.
Time frequency analysis
For time frequency analysis we determined the spectrograms for each sensor. The relative change in power is estimated as the change of power compared to baseline (average from −1000 ms to (a) (b) (c) Fig. 4 . Evolution of MEG decoding accuracies over time. Each plot depicts the temporal evolution of decoding accuracies averaged over subjects and fingers. Zero on the x-axis marks time of button press. Decoding accuracies were determined for three different classification interval lengths (a: 500 ms length, b: 250 ms length, and c: 100 ms length) and intervals were advanced in steps of 30 ms. Decoding accuracy is plotted at the first sample that was acquired in the interval. The gray rectangle indicates the first interval with decoding accuracy exceeding the empirical 95% confidence interval. Decoding accuracy exceeded the guessing level even when only pre-movement brain activity was used for decoding.
Error bars indicate standard error of the decoding accuracies. −800 ms) and is calculated for each frequency separately. Fig. 6a shows the topographies of the power modulations relative to baseline averaged over all trials for the thumb movement of one representative subject. The top plot shows averaged low frequency modulations (1 Hz-60 Hz) and the bottom plot depicts averaged high frequency modulations (60 Hz-120 Hz) for the time interval from −50 ms to 450 ms around the finger movement. As in the time series, the most prominent changes are found in sensors over contralateral motor areas. The power of oscillations below 60 Hz decreases around the movement, whereas power in the high gamma band increases. This is in concordance with reports from previous studies using invasive electrocorticographic recordings (Crone et al., 1998b) . In accord with Crone et al., the effects in the high gamma band appear to be more spatially focused than in lower frequency bands. Fig. 6b depicts the spectrograms of the single sensors with highest average modulations, marked with an asterisk in the topographies. The power decreases approximately 500 ms before the button press in the frequency range from 11 Hz to 31 Hz. This is in line with the formerly reported beta desynchronization during movement execution and imagination (Pfurtscheller and Lopes da Silva, 1999) . Conversely, in an even lower frequency band, in the range from 6 Hz to 11 Hz, power increases, indicating a separate neural mechanism. In addition, we observe an increase of high gamma power from 60 Hz to 80 Hz, indicating neural synchronization time-locked to movement (see Supplementary Fig. 1 for the spectrograms of all subjects). Fig. 6c shows the dynamics of the absolute band power changes in the three frequency bands (6 Hz-11 Hz, 11 Hz-31 Hz, 61 Hz-120 Hz) in addition to the relative changes shown in the spectrograms. To further assess the reliability of these power modulations we performed pair-wise t-tests for each subject separately, comparing the average band power in the baseline interval to the average band power of the movement interval (−50 ms-450 ms) for the six channels with the highest average modulations (as displayed in the Supplementary Fig. 1 ). Power changes in the lower frequency bands (6 Hz-11 Hz and 11 Hz-31 Hz) were significant on a Bonferroni corrected level (with 6 comparisons at α corr = 0.05/6) for nearly all combinations of fingers and subjects (39 out of 52 combinations (6 Hz-11 Hz) and 46 out of 52 combinations (11 Hz-31 Hz)). The effects in high gamma power cross the significance level only in a few combinations (12 out of 52 combinations of fingers and subjects). This marginal effect suggests that high gamma band oscillations can be observed in non-invasive MEG recordings. However, these signals might not be relevant for classification of skeletal movements in MEG since the effect might not be strong enough in single trials and trial averaging might be necessary to reliably detect it.
Classification results using the spectrograms
In an exploratory analysis we aimed to find the optimal frequency band for classification. We computed DAs for all frequency bands in the frequency range between 1 Hz and 120 Hz with bandwidth varied in steps of 2.5 Hz. Fig. 7 shows the DAs obtained with different frequency bands and all channels, averaged over all subjects. The averaged power in the band from 6 Hz to 11 Hz provided the best classification results. However, the average DA does not exceed 36%, and is specific to the inclusion of this narrow frequency band. This is indicated by the horizontal stripe of predictive frequency bands, which all include the 6 Hz-11 Hz band. Importantly, although DAs including the 6 Hz-11 Hz band exceed the guessing level and quite good DA was obtained in some subjects, overall DA performance with band power in any frequency band and bandwidth is far inferior to DA obtained with the entire time series (see Table 2 for a summary The time course of the absolute power averaged over three bands (6 Hz-11 Hz, 11 Hz-31 Hz, and 61 Hz-120 Hz) for the same sensors. The low frequency band is split to better appreciate the low frequency power increase (roughly theta band) and the mid frequency power decrease (roughly mu and beta bands) around pre-and post movement onset. Power in high gamma band tends to increase at movement onset.
of DAs obtained with different features). This suggests that precise information about the dynamics of the brain activity (i.e. the phase), which is retained in the time series data but not in the oscillation band power, provides important information for decoding. Moreover, even though high gamma modulations were present in the MEG trial average, power in this band does not exceed the guessing level for single trial finger discrimination.
Discussion
We show that neuronal activity originating from contralateral sensorimotor cortex conveys sufficient information to reliably distinguish slight movements of four different fingers of the same hand using non-invasive MEG recordings. Information on what finger a subject was about to move was available even before movement onset. The highest amount of information is captured in the dynamics of the movement related spatiotemporal brain activation patterns. We found movement related variations in average oscillatory brain activity ranging from slow variations (6 Hz-11 Hz) to the high gamma range (60 Hz-120 Hz). The oscillatory power changes followed the pattern previously described in invasive recordings (Crone et al., 1998a (Crone et al., , 1998b : during movement power of high gamma oscillations increased whereas power in low frequency bands decreased. However, single trial finger movement discrimination in oscillatory power changes was limited to a narrow frequency band between 6 Hz and 11 Hz, and was inferior to the classification of movement related spatiotemporal patterns. This shows that the exact dynamics of the spatiotemporal brain activation patterns are the most important source of information about which finger is moved. Moreover, we show that these spatiotemporal patterns are better captured in magnetic flux changes measured in the MEG than in the electric potentials measured by EEG. The results of our study suggest that the signals available in non-invasive MEG recordings can provide highly detailed information for BMI control.
Magnetic field fluctuations time-locked to movement are most informative for finger discrimination Relatively slow temporal modulations of magnetic fields caused by variation of neural activity around the button press, allowed for better finger discrimination than any other signal we investigated. Power modulations of slow oscillatory magnetic fields, as opposed to magnetic field time series, neglect exact phase relation between the movement dynamics and the underlying neural activation. Discarding this information leads to a severe drop of the decoding accuracy, indicating that spatiotemporal neural activation patterns timelocked to movement might play an important role for accurate decoding. This is consistent with previous studies reporting that timelocked local motor potentials provide substantial information about arm movement kinematics in invasive and non-invasive recordings from humans and monkeys (Acharya et al., 2010; Bansal et al., 2011; Ganguly et al., 2009; Kubánek et al., 2009; Rickert et al., 2005; Schalk et al., 2007; Waldert et al., 2008) . Thus, our study, together with others, implies that knowledge about the precise temporal sequence of neuronal activation may be needed for detailed BMI control of an upper limb-prosthesis including finger function.
Precise spatial information is important for finger discrimination
The finding that MEG recordings outperform EEG recordings indicates that differences in the spatial pattern of brain activity provide important information about the identity of the finger that was moved. Although, MEG and EEG technically offer the same temporal resolution, MEG is superior to the EEG with respect to spatial resolution, at least in sensor space (Hämäläinen et al., 1993; Hari et al., 1988) . The lower spatial resolution of scalp EEG signal is due to spatial blurring at the interface of tissues with different conductance. This limitation cannot be overcome by increasing the density of EEG electrodes. Accordingly, our results show that the better performance using MEG is not simply due to the higher number of sensors. Moreover, we consider it unlikely that instrumentation specific differences in noise floors or least significant bit resolution cause the DA differences between MEG and EEG in our experiment. The peak-to-peak modulation in the average MEG data was about 13.8 dB above the resolution limiting noise floor of approximately 10 fT/√Hz and similarly, the average EEG modulation was approximately 13 dB above the resolution limiting least significant bit resolution of the system (0.5 uV).
The question remains what spatial information MEG may provide in sensor space that is diagnostic of which finger of a hand was moved. In the past small but systematic spatial differences between cortical representations of the fingers have been observed in fMRI (Dechent and Frahm, 2003) , histological projections (Schieber, 2001 ) and electrical stimulation (Penfield and Boldrey, 1937) . However, the distance of the finger representations of the same hand along the cortical sheet was reported in the order of a few millimeters, close to estimates of the theoretical lower limit of the localization error for MEG (Mosher et al., 1993) . We speculate that other factors than spatial position of the active brain area, e.g. the strong curvature of the cortical sheet in the finger knob too contributes to the high decoding accuracy. In humans finger representations are thought to be localized along an inverted omega shaped knob of the central sulcus (Cheyne et al., 2006; Yousry et al., 1997) . Orientation changes in the active tissue could change spatial patterns of magnetic Fig. 7 . Decoding accuracies for different frequency bands. The color code depicts subject averaged decoding accuracy obtained with power in frequency bands of different width and center frequency. The upper cut off frequency varies along the x-axis and the lower cut off frequency varies along the y-axis. The closer the point is to the diagonal, the narrower is the frequency band. The highest decoding accuracies were obtained with the frequency band from 6 Hz to 11 Hz. Independent of bandwidth high gamma oscillatory power did not allow for reliable decoding. Table 2 Summary of decoding accuracies (%) for different MEG-feature spaces. Summary of average decoding accuracies (%) over subjects and fingers for different approaches. The times series provided for the best features for classification, also after reducing the number of sensors from 248 to 30.
Feature space
Average decoding accuracy over subjects and fingers
Best interval for time series classification 500 ms interval: -50 ms to 450 ms 57% Classification of time series around button press 500 ms interval: -250 ms to 250 ms 54% 250 ms interval: -125 ms to 125 ms 53% 100 ms interval: -50 ms to 50 ms 42% Best frequency band: 6 Hz-11 Hz* 36% 30 best sensors* 55% * = time interval from − 50 ms to 450 ms flux measured in sensor space even when the spatial localization of the active tissue remains indistinguishable (Scherg, 1992) . However, to further investigations of the neural substrate, e.g. by classification in source instead of sensors space, are required.
Oscillatory power changes
We observed reliable transient average power modulations in a wide range of frequency bands up to the high-gamma range around finger movement onset. In the frequency decomposition these power modulations started already prior to movement and temporally extended well into the movement interval. In the low frequency bands we reproduce the previously described beta-and mu-band desynchronization around movement onset (Pfurtscheller and Lopes da Silva, 1999) . In addition, we found informative movement related power changes in an even lower frequency band between 6 Hz and 11 Hz. However, even DA derived from band power in the most informative frequency band, between 6 Hz and 11 Hz, was clearly inferior to DA derived from time series data. This indicates that slow movement related neural activation modulations are most informative about which finger of a hand moves. The inferior DA with oscillatory band power is most likely due to the lack of phase information.
Movement related power changes in high-gamma oscillations (>70 Hz) have been reported in intracranial ECoG (Crone et al., 1998b) , in hemicraniectomy patients, missing part of the skull (Voytek et al., 2010) , and in MEG (Cheyne et al., 2008) . In concordance with these studies we find movement related modulations in the average induced high gamma band power of the MEG (Fig. 6 and Supplementary Fig. 1 ). Invasively recorded high-gamma oscillations are spatially more focused and have a clearer somatotopic organization than slow oscillations (b30 Hz, Miller et al., 2007) and can be used to discriminate the flexion of individual fingers (Kubánek et al., 2009 ). However, with non-invasively recorded high gamma modulations we were unable to distinguish the individual fingers in single trials. We speculate that phase shifts between oscillations in closely neighboring locations on the brain attenuate the high gamma signal in distant MEG and EEG sensors with larger spatial integration areas than ECoG-electrodes placed directly on the cortex. As a result highgamma power changes are less informative for single trial finger decoding in non-invasive compared to invasive recordings.
Pre-movement discrimination
An important question, with regard to Brain-Machine Interfaces is when brain activity starts to provide information about the finger that will be moved. We found discriminative information well before the actual finger movement started (150 ms). It is unlikely that this discriminative MEG activation simply reflects a "Bereitschaftsmagnetfeld" similar to the readiness potential described by Deecke et al. (Deecke et al., 1982) since other EEG (Haggard and Eimer, 1999) and MEG (Herrmann et al., 2008) studies indicate that the "Bereitschaftspotential" provides information about a general movement preparation but not about the specific movement that will be performed. The pre-movement discriminative brain activation we found represents preparation of a specific finger movement. Although we were able to decode which finger was moved solely on brain activity prior to movement onset, we consider it likely that brain activity elicited by somatosensory feedback also played an important role at later points in time since DA increased further when neuronal data from the interval following the button press was included.
Implications for Brain-Machine Interfaces
Even though the complex instrumentation currently prohibits the use of a MEG-based Brain-Machine Interface in daily life, it is important to gain insight into the potential of non-invasive recordings for BMI and to explore the limits of what functions can be decoded non-invasively despite the limited spatial resolution and signal to noise ratio (Bradberry et al., 2010; Jerbi et al., 2007; Waldert et al., 2008) . We show that it is possible to reliably decode in single trial fine motor manipulations with non-invasive MEG-recordings. In addition, in the challenging task of decoding movements of different finger of the same hand we find a clear advantage of MEG over EEG.
Most successfully implemented non-invasive BMIs rely on asynchronous decoding of neuronal activity (Birbaumer et al., 1990; Pfurtscheller and Neuper, 2001; Pfurtscheller et al., 2006) . Here we employed a synchronous decoding paradigm and exploited precise spatiotemporal information in neuronal activation. Oscillation amplitude based decoding, which is often used in asynchronous BMI, neglects precise temporal information and in our case, provided much lower DAs. Therefore, we think it will be necessary, to implement an asynchronous decoding approach that is able to exploit spatiotemporal information (e.g. a state space approach) to implement non-invasive finger decoding in practical BMI applications. A possibility to further improve the already high DA would be to integrate over multiple movements. Here, we restricted decoding to only one movement because we were interested in potential limits of decoding finger movements. For more practical applications, such restrictions would not necessarily apply.
Conclusion
The present study provides evidence that single finger movements of the same hand can be accurately decoded with non-invasive MEG recordings. Our work demonstrates that information available in concurrently recorded EEG is not sufficient for robust classification. Furthermore, we show that the slow amplitude modulations of the time series are more predictive than the power of the timefrequency representation of different frequency bands when decoding single finger taps. This indicates that important information is captured in the precise spatiotemporal pattern of movement related magnetic field dynamics.
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